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Summary:

We present a soft computing recommendation system named TalkMine, to advance
adaptive web and digital library technology. TalkMine leads different databases or
websitesto learn new and adapt existing keywordsto the categories recognized by its
communities of users. It uses distributed artificial intelligence algorithms and soft
computing technology. TalkMine is currently being implemented for the research
library of the Los Alamos National Laboratory under the Active Recommendation
Project (http://arp.lanl.gov).

TalkMine is based on the integration of distributed knowledge networks using
Evidence Sets, an extension of fuzzy sets. Theidentification of the interests of users
relies on aprocess of combining several fuzzy setsinto evidence sets, which models
an ambiguous “and/or” linguistic expression. The interest of usersis further fine-
tuned by a human-machine conversation algorithm used for uncertainty reduction.
Documentsareretrieved according to theinferred user interests. Finally, theretrieval
behavior of all users of the system is employed to adapt the knowledge bases of
queried information resources. This adaptation allows information resources to
respond well to the evolving expectations of users.

In this article the distributed architecture of TalkMine is presented together with a
description of its implementation in the Active Recommendation Project. In
particular, the characterization of information resources as interacting distributed
memory banksis presented. Evidence sets and the operations to produce them from
several fuzzy sets are detailed. The conversation and adaptation algorithms used by
TalkMine to interact automatically with users is described.

Keywords: Recommendation Systems, Information Retrieval, Web-rel ated technol ogies, Fuzzy
Set Theory, Evidence Sets, Measures of Uncertainty, Collaborative Systems, Adaptive
Systems, Distributed Artificia Intelligence, Human-machine Interaction, Communities of
Agents, Knowledge Representation, Soft Computing.
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1 TowardsAdaptive Web-Technology using Soft
Computing

1.1 Distributed Information Systems and I nformation Retrieval

Distributed Information Systems (DIS) are collections of electronic networked
information resources (e.g. databases) in some kind of interaction with communities of
users;, examples of such systems are: the Internet, the World Wide Web, corporate
intranets, databases, library information retrieval systems, etc. DISservelargeand diverse
communities of users by providing access to a large set of heterogeneous electronic
information resources. Information Retrieval (IR) refersto all the methods and processes
for searching rel evant information out of information systems (isol ated or part of DI S) that
contain extremely large numbers of documents. As the complexity and size of both user
communities and information resources grows, the fundamental limitations of traditional
information retrieval systems have become evident in modern DIS.

Traditional | R systemsare based solely on keywor dsthat index (semantically characterize)
documents and a query language to retrieve documents from centralized databases
according to these keywords — users need to know how to “pull” relevant information
from passive databases. This setup leads to anumber of flaws (Rochaand Bollen, 2000),
which prevent traditional IR processesin DISto achieve any kind of interesting coupling
with users. The human-machineinteraction observedin these systemsisparticularly rigid:
Most cannot pro-actively “push” relevant information to its users about rel ated topicsthat
they may be unaware of, there is typically no mechanism to exchange knowledge, or
crossover of relevant information among users and information resources, and thereisno
mechanism to recombine knowledge in different information resources to infer new
linguistic categories of keywords used by evolving communities of users. In other words,
traditional IR keeps DI S as static, passive, and isolated repositories of data; no interesting
human-machine co-evolution of knowledge or learning is achieved.

1.2 Enabling Evolving DISwith Soft Computing

The limitations of traditional IR and DIS are even more dramatic when contrasted with
biological distributed systems such as immune, neural, insect, and social networks.
Biological networksfunction largely in adistributed manner, without recourse to central
controllers, while achieving tremendous ability to respond in concerted ways to different
environmental necessities. In particular, they are typically endowed with the ability to
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elicit appropriate responses to specific demands, to transfer and process relevant
information acrossthe network, and to adapt to achanging environment by creating novel
behaviors (often from recombination of existing ones). These abilities are precisely what
has been lackingin IR.

Biological networks effectively evolve in an open-ended manner; we are interested in
endowing DIS with asimilar open-ended capacity to evolve with their users—to achieve
an open-ended semiosis with them (Rocha, 2000). In biology, open-ended evolution
originates from the existence of material building blocksthat self-organize non-linearly
(e.g. Kauffman, 1993) and are combined via a specification control, such as the genetic
system (Rocha, 1998). In contrast, computer systemswere constructed precisely withrigid
building blocks constrained in such away asto allow minimum dynamic self-organization
and maximum programmability, which resultsin no inherent evolvability (Conrad, 1990).
Therefore, to attain any evolvability in current digital computer systems, we need to
programin some*“ softer” building blocksthat can be used to realize the kind of dynamical
richness we encounter in biological systems (Rocha and Bollen, 2000).

The ultimate goal of IR is to produce or recommend relevant information to users. It
seems obvious that the foundation of any useful recommendation should be first and
foremost based on the identification of users and subject matter. In this sense, the goal of
recommendation systems can be seen as similar to that of most biological systems, in
particular immune systems: to recognize agents (users) and elicit appropriate responses
from components of the distributed information network. Furthermore, the information
network should learn and adapt to the community of agents (users) it interacts with —its
environment.

Nevertheless, traditional IR does not identify users and classifies subjects only with
unchanging keywords and categories. To build more flexible IR and evolving DIS, we
need to design recommendation systems endowed with:

1. A meansto recognize users.

2. A meansto characterize information resources.

3. A 2-way means to exchange knowledge between users and information
resources. a conversation process. As information resources become more
and more complex, we cannot expect a simple 1-way query (“pull”) to work
well. Instead, we need a means to integrate the interests of the user with the
knowledge specific to each information resource via an interactive
recommendation process (“push”).
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4. Adaptation mechanisms. We also want DIS to adapt to their community of
users, aswell asto exchange and re-combine knowledge leading to
evolvability and creativity.

Below | describeeffortstoincludethesedesign requirementsfor recommendation systems
using Soft Computing technology. | also discusshow auseful and morenatural knowledge
management of DISisachieved with these soft computing designs. Let us start with some
background on IR and recommendation systems.

1.3 From IR to Active Recommendation: From “Pull” to “ Push”

New approaches to IR have been proposed to improve its inflexible algorithms. Active
recommendation systems, also known as Active Collaborative Filtering (Chislenko,
1998) or Knowledge Self-Organization (Johnson et al, 1998) are IR systems which rely
on active computational environments that interact with and adapt to their users. They
effectively “push” relevant information to users according to previous patterns of IR or
individual user profiling.

Recommendation systemsaretypically based on human-machineinteraction mediated by
intelligent agents, or other decentralized components, and come in several varieties:

1. In content-based recommendation, user profiles are created based on the
system's keywords. Documents are recommended to users according to the
similarity of their profiles and the similarity of keywords constructed from a
semantic distance function obtained from the associations between keywords
and documents. Two documents are close when they are classified by many of
the same keywords. Thisisthe case of systems such as InfoFinder (Krulwich
and Burkey, 1996), NewsWeeder (Lang, 1995), and many systems devel oped
for the routing task at the TREC Conferences (Harman, 1994).

2. In collaborative recommendation no description of the semantics or content
of documentsisinvolved, rather recommendations are issued according to a
comparison of the profiles of several usersthat tend to access the same
documents. The comparison depends on a distance function between user
profiles, defined not by keywords, but on the sets of actual documents re-
trieved. Two user profiles are close when their users have retrieved many of
the same documents. Thisis the case of systems such as GroupLens (Resnick
et al, 1994; Kostan et al, 1997), Bellcore Video Recommender (Hill et al,
1995), Ringo ( Shardanad and Maes, 1995). When user feedback is allowed,



LuisM. Rocha- Tdkmine 5

this type of recommendation is known as Information Filtering (Good et al,
1999). For a description of the collaborative recommendation framework see
Herlocker et al (1999).

3. Insdtructural recommendation, data-mining techniques are employed on the
relations among documents and keywords, to discover related documents or
documents of particular importance (authorities) in a given information
resource. A large portion of work in this area, is concerned with the analysis
of the graph structure of Web Hyperlinks (regardless of document keywords),
e.g. work pursued under the CLEVER Project (Kleinberg, 1998; Chakrabarti
et al, 1999), or other graph-theoretic approaches such as Watts' (1999) Small
World graphs. A second large area of research is concerned with the semantic
relations between documents and keywords, which are analyzed with
algebraic techniques such as Singular Value Decomposition, knownin IR as
Latent Semantic Indexing (LSI) (Berry et al, 1994; Kannan and Vempala,
1999). Documents are recommended to users according to the way they are
associated with other documents and/or keywords: the semantic structure of
information resources.

4. In collective recommendation, the behavior of communities of usersis
integrated, and utilized to adapt the structure (the pattern of associations) of
information resources. Thiskind of system tracks the paths users follow in the
structure of information resources as they retrieve documents. The more
certain sets of documents tend to be retrieved together in paths followed by
different users, the closer they become in the structure of the information
resource. Thistype of algorithm employs the distributed behavior of a
collection of usersto adapt DIS, resulting in systems that |earn the interests of
their communities of users much in the same way as social insects discover
paths based on the pheromone trails left behind by other insectsin their
colony (Rocha and Bollen, 2000), thus, in time, recommending more and
more appropriate documents. Thisis the case of Adaptive Hypertext systems
(Brusilovsky et al, 1998; Bollen and Heylighen, 1998; Eklund, 1998),
Knowledge Self-Organization (Johnson et a, 1998; Heylighen, 1999), as well
as the work on the collective discovery of linguistic categories (Rocha,
19973, 2000) detailed below.

Content-based systems depend on single user profiles, and thus cannot effectively
recommend documents about previously unrequested content to a specific user. That is,
these systems cannot compare and recommend related documents characterized by
keywords not previoudy collected into a given user's profile. Conversely, pure
collaborative systems, match only the profiles of users that (to a great extent) have
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reguested exactly the same documents; for instance, different book editions or movie
review web sitesfromdifferent newsorganizationsmay be considered distinct documents.

The shortcoming of structural approachesisthat they assumethat the existing, often static,
structure of aninformation resource containsall the rel evant knowledge to be discovered.
However, it is often the case that such structure is very poorly designed. On the web in
particular, the hypertext links are often not created between important documents, due
perhapsto the hurried way in which web sites are created. Indeed, the Web is often more
arepository of isolated documents, than a good example of a hypertext fabric. The same
applies to the keyword/document relations necessary for LSI.

Collective approacheshave theimportant advantage of adaptingto thecollective behavior
of users, even as it develops in time. Thisway, a poor initial structure can improve, by
creating, strengthening or weakening associations among documents or between
documents and keywords. Furthermore, collective recommendation systems can operate
without storing individual profiles, thus offering a more private platform for
recommendation. Indeed, recommendations areissued according to the adapted structure
of the information resources, not according to user profiles. Users can be seen as
anonymous social agents. Furthermore, aswe shall discussater, the adapted information
resources alow us to capture the knowledge traded by a community of agents.
Nonetheless, a disadvantage of collective approaches is that they implement a positive
feedback with their communities of users, possibly leading to an excessive adaptation to
the interests of a majority of users, thus reducing the diversity of knowledge by
recommending only the most retrieved documentsin agiven area: e.g. the “best of” lists
found at Web sites such as Amazon.com — this is the so-called “ curse of averages’.

It is clear that good recommendation systems require aspects of all approaches to avoid
the shortcomings of each individual one. This is the case, for instance, of Fab
(Balabanovi¢ and Shoham, 1997) and Amalthaea (Moukas and Maes, 1998), which are
both content and collaborative recommendation systems. This way they can discover
similar users who have not simply retrieved many of the same exact documents, but
documents characterized by many of the same keywords. Furthermore, keywords from
documents that users have not actually retrieved, may be added to their profiles because
they belong to the profiles of other similar users.

Still, neither Fab nor Amalthaea (nor similar systems) adapt the structure of their
information resources with collective user behavior, nor do they use the data-mining
techniquesof structural algorithmsto characterizetheknowledgethosestore. Inthissense,
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they cannot capture the evolving nature of the knowledge of communities of users. In
other words, even though they are able to characterize the interests of individual users
(both with documents and keywords), the structure of information resources (e.g. Web
hyperlink structure or document/keyword matrix) remains unchanged. Furthermore, they
rely on individual user profiles, and there is also not an explicit means to discover the
knowledge categories that particular communities of users employ. Next | describe the
Active Recommendation Project (Rocha and Bollen, 2000) which is building a hybrid
Collective/Structural/Content recommendation system designed precisely to tackle these
issues. Namely, to adapt information resourcesto their evolving communities of users, to
characterizetheknowledge stored intheseinformationresources, andto preservediversity
while not accumulating private user profiles.

2 TheActive Recommendation Project

The Active Recommendation Project’ (ARP), part of the Library Without Walls Project,
at the Research Library of the Los AlamosNational Laboratory isengaged in research and
development of recommendation systemsfor digital libraries. Theinformation resources
available to ARP are large databases with academic articles. These databases contain
bibliographic, citation, and sometimes abstract information about academic articles.
Typical databases are SciSearch® and Biosis®; the first contains articles from scientific
journals from several fields collected by 1Sl (Institute for Scientific Indexing), while the
second contains more biologically oriented publications. We do not manipulate directly
the records stored in these information resources, rather, we created arepository of XML
(about 3 million) records which point us to documents stored in these databases (Rocha
and Bollen (2000).

2.1 Characterizing the Knowledge stored in an Information
Resour ce

We have compiled relational information between records? and keywords and among
records: the semantics and the structure respectively. The semanticsisformalized asa
very sparse Keyword-Record Matrix A. The structure is formalized as the very sparse

More information, results, and testbed available at http://www.c3.lanl.gov/~rocha/lww.

2 Records contain bibliographical information about published documents. Records can be thought of as unique
pointers to documents, thus, for the purposes of this article, the two terms are interchangeabl e.
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Citation Matrix C, which isarecord-record matrix (detailsin Rocha and Bollen, 2000).
From these matrices, we have calculated additional matrices holding measures of
closeness between records and between keywords: the Inwards Structural Proximity
Matrix or co-citation (Small, 1973), the Outwards Structural Proximity Matrix or
bibliographic coupling (Kessler, 1963), the Record Semantic Proximity Matrix (for any
two records it is defined by the number of keywords that qualify both, divided by the
number of keywords that qualify either one), and the Keyword Semantic Proximity
Matrix (for two keywords, it isthe number of records they both qualify, over the number
of records either one qualifies).

These matrices holding measures of closeness, formally, are proximity relations (Klir an
Y uan, 1995; Miyamoto , 1990) becausethey are reflexive and symmetric fuzzy relations.
Their transitive closures are known as similarity relations (Ibid). The collection of this
relational information, all the proximity relations aswell as A and C, is an expression of
the particular knowledge an information resource conveys to its community of users.
Noticethat distinct information resourcestypically share avery large set of keywordsand
records. However, these are organized differently in each resource, leading to different
collections of relational information. Indeed, each resource is tailored to a particular
community of users, with adistinct history of utilization and deployment of information
by its authors and users. For instance, the same keywords will be related differently for
distinct resources. Therefore, we refer to the relational information of each information
resource as a Knowledge Context. We do not mean to imply that information resources
possess cognitive abilities. Rather, we note that the way records are organized in
information resourcesisan expression of the knowledgetraded by itscommunity of users.
Records and keywords are only tokens of the knowledge that is ultimately expressed in
thebrainsof users. A knowledge context simply mirrors some of the collectiveknowledge
relations and distinctions shared by a community of users.

In (Rocha and Bollen, 2000) we have discussed how these proximity relations are used
in ARP. However, the ARP recommendation system described in thisarticle (TalkMine)
requires only the Keyword Semantic Proximity (KSP) matrix, obtained from A by the
following formula:
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The semantic proximity between two keywords, k; and k;, depends on  the sets of
records indexed by either keyword, and the intersection of these sets. N(k;) is the
number of records keyword k; indexes, and N, (k;, k) the number of records both
keywords index. Thislast quantity is the number of elementsin the intersection of the
sets of records that each keyword indexes. Thus, two keywords are near if they tend to
index many of the same records. Table | presents the values of KSP for the 10 most
common keywords in the ARP repository.

Tablel: Keyword Semantic Proximity for 10 most frequent keywords

cell sudi system express protein model activ human rat patient

cell 1.000 0.022 0.019 0.158 0.084 0.017 0.085 0.114 0.068 0.032
studi  0.022 1.000 0.029 0.013 0.017 0.028 0.020 0.020 0.020 0.037
system 0.019 0.029 1.000 0.020 0.017 0.046 0.022 0.014 0.021 0.014
express 0.158 0.013 0.020 1.000 0.126 0.011 0.071 0.103 0.078 0.020
protein 0.084 0.017 0.017 0.126 1.000 0.013 0.070 0.061 0.041 0.014
model 0.017 0.028 0.046 0.011 0.013 1.000 0.016 0.016 0.026 0.005
activ  0.085 0.020 0.022 0.071 0.070 0.016 1.000 0.058 0.053 0.021
human 0.114 0.020 0.014 0.103 0.061 0.016 0.058 1.000 0.029 0.021
rat  0.068 0.020 0.021 0.078 0.041 0.026 0.053 0.029 1.000 0.008
patient 0.032 0.037 0.014 0.020 0.014 0.005 0.021 0.021 0.008 1.000

From the inverse of KSP we obtain a distance function between keywords:

-
ofkk)= ksP k. k) ' @)

117

d isadistance function because it is a honnegative, symmetric real-valued function such
that d(k, K) = 0. Itisnot an Euclidean metric because it may violate thetriangleinequality:
d(ky, k) < d(k;, k) + d(ks, k) for some keyword k,. This meansthat the shortest distance
between two keywords may not be the direct link but rather an indirect pathway. Such
measures of distance are referred to as semi-metrics (Galvin and Shore, 1991).
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2.2 Characterizing Users

Users interact with information resources by retrieving records. We use their retrieval
behavior to adapt the respective knowledge contexts of these resources (stored in the
proximity relations). But before discussing this interaction, we need to characterize and
define the capabilities of users: our agents. The following capabilities are implemented
in enhanced “browsers’ distributed to users.

1. Presentinterests described by aset of keywords {k;, -, k;}.

2. History of Information Retrieval (IR). This history isaso organized as a
knowledge context as described in 2.1, containing pointers to the records the
user has previously accessed, the keywords associated with them, as well as
the structure of this set of records. Thisway, we treat users themselves as
information resources with their own specific knowledge contexts defined by
their own proximity information.

3. Communication Protocol. Users need a 2-way means to communicate with
other information resources in order to retrieve relevant information, and to
send signals leading to adaptation in all parties involved in the exchange.

Regarding point 2, the history of IR, notice that the same user may query information
resources with very distinct sets of interests. For example, one day a user may search
databases as abiologist looking for scientific articles, and the next asa sportsfan looking
for game scores. Therefore, each enhanced browser allows users to define different
“personalities’, each onewithitsdistinct history of IR defined by independent knowledge
contexts with distinct proximity data (see Figure 1).
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Knowledge Context
Keywords ® Keyword/Record Matrix
® T.‘ (Semantics)
emsie
Coni/ ® Records Structure (e.g.
u I Citations, Hyperlinks)
\Personality, ® Proximity Relations
niex
User
|Identit

Figure 1: Each user can store different personalities in enhanced browsers. Each
persondlity is stored as a knowledge context created from previous history of IR. The
actual identity of the user can remain private.

Becausethe user history of IRisstored in personal browsers, information resourcesdo not
store user profiles. Furthermore, all the collective behavior algorithmsused in ARP do not
require the identity of users. When users communicate (3) with information resources,
what needs to be exchanged is their present interests or query (1), and the relevant
proximity datafromtheir own knowledge context (2). In other words, usersmake aquery,
and then share the relevant knowledge they have accumulated about their query, their
“world-view” or context, fromaparticular personality, without trading their identity. Next,
the recommendation algorithms integrate the user’ s knowledge context with those of the
queried information resources (possibly other users), resulting in appropriate
recommendations. Indeed, the algorithms we use define a communication protocol
between knowledge contexts, which can be very large databases, web sites, or other users.
Thus, the overall architecture of the recommendation systems we use in ARP is highly
distributed between information resources and all the users and their browsing
personalities (see Figure 2).

The collective behavior of all usersisalso aggregated to adapt the knowl edge contexts of
all intervening information resources and users alike. This open-ended learning process
(Rocha, 2000) is enabled by the TalkMine recommendation system described below.
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Figure 2: The algorithms we use in ARP define a distributed architecture based on

communication between knowledge contexts from information resources and users
aike.

3 Categoriesand Distributed Memory

3.1 A Model of Categorization from Distributed Artificial
Intelligence

TalkMine isboth a content-based and collaborative recommendation system based on a
model of linguistic categories (Rocha, 1999), which are created from conversation
between users and information resources and used to re-combine knowledge as well as
adapt it to users. The model of categorization used by TalkMineis described in detail in
(Rocha, 1997a, 1999, 2000). Basically, as also suggested by Clark (1993), categoriesare
seen as representations of highly transient, context-dependent knowledge arrangements,
and not as model of information storage in the brain. In this sense, in human cognition,
categories are seen as linguistic constructs used to store temporary associations built up
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from the integration of knowledge from several neural sub-networks. The categorization
process, driven by language and conversation, servesto bridgetogether several distributed
neural networks, associating tokens of knowledge that would not otherwise be associated
in the individual networks. Thus, categorization is the chief mechanism to achieve
knowledge recombination in distributed networks leading to the production of new
knowledge (Rocha, 1999, 2000).

TalkMine appliessuch amodel of categorization of distributed neural networksdriven by
language and conversation to DIS and recommendation systems. Instead of neural
networks, knowledge is stored in information resources, from which we construct the
knowledge contexts with respective proximity relations described in section 2. TalkMine
is used as a conversation protocol to categorize the interests of users according to the
knowledge stored ininformation resources, thus producing appropriate recommendations
and adaptation signals.

3.2 Distributed Memory is Stored in Knowledge Contexts

A knowledge context of an information resource (section 2.1) is not a connectionist
structure in a strong sense since keywords and records are not distributed as they can be
identified in specific nodes of the network (van Gelder, 1991). However, the same
keyword indexes many records, the same record is indexed by many keywords, and the
same record is typically engaged in a citation (or hyperlink) relation with many other
records. Losing or adding a few records or keywords does not significantly change the
derived semantic and structural proximity relations (section 2) of alarge network. Inthis
sense, the knowledge conveyed by such proximity relationsis distributed over the entire
network of records and keywords in a highly redundant manner, as required of sparse
distributed memory models (Kanerva, 1988). Furthermore, Clark (1993) proposed that
connectionist memory deviceswork by producing metrics that relate the knowledge they
store. Asdiscussed in section 2, the distance functions obtained from proximity relations
are semi-metrics, which follow all of Clark’ srequirements (Rocha, 2000). Therefore, we
can regard a knowledge context effectively as a distributed memory bank. Below we
discusshow such distributed knowledge adaptsto communitiesof users(the environment)
with Hebbian type learning.

In the TalkMine system we use the KSP relation (formula (1)) from knowledge contexts.
It conveys the knowledge stored in an information resource in terms of a measure of
proximity among keywords. This proximity relation is unique to each information
resource, reflecting the semantic relationships of the records stored in the latter, which
in turn echo the knowledge of its community of users and authors. TalkMine is acontent-
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based recommendation system because it uses a keywords proximity relation. Next we
describe how it is also collaborative by integrating the behavior of users. A related
structural algorithm, also being developed in ARP, is described in (Rocha and Bollen,
2000).

4 Evidence Sets. Capturing the Linguistic “And/Or” in
Users Queries

4.1 Evidence Sets Model Categories

TalkMine uses a set structure named evidence set (Rocha 1994, 1997a, 1997b, 1999), an
extension of afuzzy set (Zadeh, 1965), to model of linguistic categories. The extension
of fuzzy setsisbased on the Dempster-Shafer Theory of Evidence (DST) (Shafer, 1976),
which is defined in terms of a set function m: #(X) — [0,1], referred to as a basic
probability assignment, such that m(z) = 0 and ¥ ,_ M(A) = 1. #(X) denotes the power
set of X, and A any subset of X. The value m(A) denotes the proportion of all available
evidence which supports the claim that A € #(X) contains the actual value of avariable
X. DST is based on a pair of nonadditive measures. belief (Bel) and plausibility (PI)
uniquely obtained from m. Given a basic probability assignment m, Bel and Pl are
determined for al A € #(X) by the equations:

Bel(A) = > m(B), PI(A) = ;m(B)

BLIA

the expressions above imply that belief and plausibility are dual measures related
by: PI(A) =1 - Bel(A°®) ,forall Ae 2(X), where A° represents the complement of Ain
X. Itisasotruethat Bel(A)<PI(A) for all A e #(X). Noticethat "m(A) measuresthe belief
one commitsexactly to A, not thetotal belief that one commitsto A." (Shafer, 1976, page

38) Bel(A), thetotal belief committed to A, isinstead given by the sum of all the values
of mfor al subsets of A.

Any set Ae 2(X) withm(A) > 0iscaled afocal element. A body of evidenceis defined
by the pair (5, m), where § represents the set of all focal elementsin X, and m the as-

sociated basic probability assignment. The set of all bodies of evidence is denoted by
B(X).
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An evidence set A of X, isdefined for al x e X, by a membership function of the form:
AX) = (F*, m) e B[O, 1]

where ®[0, 1] isthe set of all possible bodies of evidence (5%, M) on 4, the set of all
subintervalsof [0,1]. Such bodies of evidence are defined by abasic probability assign-
ment m* on 4, for every x in X. Thus, evidence sets are set structures which provide
interval degrees of membership, weighted by the probability constraint of DST. They are
defined by two complementary dimensions. membership and belief. The first represents

an interval (type-2) fuzzy degree of membership, and the second a subjective degree of
belief on that membership (see Figure 3).

1
Y e O

m*(I.

% (L)
O X

Figure 3: Evidence Set with 3 focal elementsfor each x.

X

Each interval of membership I}, with its correspondent evidential weight mv( 1),
represents the degree of importance of a particular element x of X in category A
according to a particular perspective. Thus, the membership of each element x of an
evidence set Aisdefined by distinct intervalsrepresenting different, possibly conflicting,
perspectives. This way, categories are modeled not only as sets of elements with a
membership degree (or prototypicality Rocha(1999)), but as sets of elementswhich may
possess different interval membership degrees for different contexts or perspectives on
the category.
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The basic set operations of complementation, intersection, and union have been defined
and establish a belief-constrained approximate reasoning theory of which fuzzy
approximate reasoning and traditional set operations are special cases (Rocha 19974,
1999). Intersection (Union) is based on the minimum (maximum) operator for the limits
of each of theintervals of membership of an evidence set. For the purposesof thisarticle,
the details of these operations are not required, please consult (Rocha, 1999) for more
details.

4.2 The Uncertainty Content of Evidence Sets

Evidence sets are set structureswhich provideinterval degrees of membership, weighted
by the probability constraint of DST. Interval Valued Fuzzy Sets (IVFS), fuzzy sets, and
crisp setsareall special cases of evidence sets. The membership of an element xinacrisp
set is perfectly certain: the element is either amember of the set or not. The membership
of an element x in fuzzy set isdefined as degree value in the unit interval; this means that
the membership isfuzzy because the el ement isamember of the set with degree A(X), and
simultaneously, isalso not amember with complementary degree 1-A(X). Themembership
of an element x in an IVFS is defined as an interval | contained in the unit interval; this
means that the membership is both fuzzy and nonspecific (Rocha, 1994, Turksen, 1996),
because the element is a member of the set with a nonspecific degree that can vary in the
interval |. Finally, membership of an element x in an evidence set is defined as a set of
intervalsconstrained by aprobability restriction; thismeansthat the membershipisfuzzy,
nonspecific, and conflicting, since the element isamember of the set with several degrees
that vary in each interval with some probability.

To capture the uncertainty content of evidence sets, the uncertainty measures of Klir
(1993) were extended from finite to infinite domains (Rocha, 1997b). The total
uncertainty, U, of an evidence set A was defined by: U(A) = (IF(A), IN(A), IS(A)). The
three indices of uncertainty, which vary between 1 and 0, IF (fuzziness), IN
(nonspecificity), and I S(conflict) wereintroduced in (Rocha, 19973, 1997b), whereit was
also proven that IN and 1S possess good axiomatic properties wanted of information
measures. |F is based on Yeager's (1979, 1980) and Klir and Y uan (1995) measure of
fuzziness. IN is based on the Hartley measure (Rocha, 1997b), and IS on the Shannon
entropy as extended by Klir (1993) into the DST framework. For the purposes of this
article, all we need to know isthat these measures vary inthe unit interval, for full details
see (Rocha, 1997b).
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4.3 Obtaining an Evidence Set from Fuzzy Sets: The Linguistic
“And/Or”

Fundamental to the TalkMine algorithm is the integration of information from different
sourcesinto an evidence set, representing the category of topics (described by keywords)
auser isinterested at a particular time. In particular, as described bel ow, these sources of
information contribute information as fuzzy sets. This way, we need a procedure for
integrating several fuzzy setsinto an evidence set.

Turksen (1986) proposed ameansto integrate fuzzy setsinto IV FS (or type-2 fuzzy sets).
Helater proposed that every time two fuzzy sets are combined, the uncertainty content of
theresulting structure should be of ahigher order, namely, the fuzziness of two fuzzy sets
should be combined into the fuzziness and nonspecificity of an IVFS (Turksen, 1996).
Turksen's Fuzzy Set combination is based on the separation of the digjunctive and con-
junctive normal forms of logic compositions in fuzzy logic. A digunctive normal form
(DNF) isformed with the digunction of some of the four primary conjunctions, and the
conjunctive normal form (CNF) is formed with the conjunction of some of the four

primary disjunctions, respectively: ANB,ANB, ANB, ANB and

AUB,AUB,AUB,AUB .Intwo-valuedlogicthe CNF and DNF of alogic composition
are equivalent: CNF = DNF. Turksen (1986) observed that in fuzzy logic, for certain
familiesof conjugate pairs of conjunctionsand disjunctions, we haveinstead DNF < CNF
for some of the fuzzy logic connectives. He proposed that fuzzy | ogic compositions could
be represented by IVFS's given by the interval [DNF, CNF] of the fuzzy set connective
chosen (Turksen, 1986). Using Turksen's approach, the union and intersection of two
fuzzy setsF, and F, result in the two following IVFS, respectively:

IvU(x)=§()UFz() ) U Fylx E
o @
n
v 0(x) = %()DQFFZ() ) R0
w her e, AUB=AUB, A U B=(AnB)U(ANB)U(ANB),
CNF DNF

ANB :(AUB)Q(A UE)Q(KUB) ,and A N B =ANB, for any two fuzzy sets A and
DNF

CNF
B, with union and intersection operations chosen from the families of t-norms and t-
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conorms following the appropriate axiomatic requirements (Klir and Yuan, 1995). In
TalkMine only the traditional maximum and minimum operators for union and
intersection, respectively, are used. Clearly, all other t-norms and t-conorms would also
work.

The intervals of membership obtained from the combination of two fuzzy sets can be
interpreted as capturing the intrinsic nonspecificity of the combination of fuzzy setswith
fuzzy set operators. Dueto theintroduction of fuzziness, the DNF and CNF do not always
coincide. Thislack of coincidence reflects precisely the nonspecificity inherent in fuzzy
set theory: because we can arrive at different results depending on which normal formwe
choose, the combination of fuzzy setsis ambiguous. Turksen (1996) suggested that this
ambiguity should be treated as nonspecificity and captured by intervals of membership.
In this sense, fuzziness “breeds’ nonspecificity. Figure 4 depicts the construction of two
IVFSfromtwo fuzzy setsF, and F, according to the procedure described by formulas (3).

IV Y(x)
1 0.8
0.8 F' F2 '067
0.6 - 0.2+
| ’ X
> IV N(x)
0.2 y
0 ‘ \ 0.8
X 0.6
N/ANR.V4
X

Figure 4: Combination of two fuzzy sets F, and F, into two IVFS according to
formulae 3. The union IVFS, IV” is afuzzy set since DNF and CNF coincide, which
does not happen for 1V".

Formulae (3) constitute a procedure for cal culating the union and intersection IV FS from
two fuzzy sets, which in logic terms refer to the “Or” and “And” operators. Thus, IV
describesthelinguistic expression“F, or F,", whilel V" describes”F, and F,", —capturing
both fuzziness and nonspecificity of the particular fuzzy logic operators employed.
However, in common language, often “and” is used as an unspecified “and/or” . In other
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words, what we mean by the statement “1 am interested in x and y”, can actually be seen
as an unspecified combination of “x and y” with“x or y”. Thisis particularly relevant for
recommendation systems where it is precisely this kind of statement from users that we
wish to respond to.

One use of evidence setsis as representations of the integration of both 1V~ and V" into
alinguistic category that expresses this ambiguous “and/or”. To make this combination
more general, assumethat we possessan evidential weight m; and m, associated with each
F, and F, respectively. These are probabilistic weights (m, + m, = 1) which represent the
strength we associate with each fuzzy set being combined. The linguistic expression at
stake now becomes “I am interested in x and y, but | value x more/less than y”. To
combine all thisinformation into an evidence set we use the following procedure:

ES(X) :{<IVU(X),min(ml,m2)>,<lv m(x),max(ml,mz»} @

Because IV~ is the less restrictive combination, obtained by applying the maximum
operator, or suitable t-norm to the original fuzzy sets F, and F,, its evidential weight is
acquired viathe minimum operator of the evidential weights associated with F; and .
Thereverseistruefor IV". Thus, the evidence set obtained from (4) contains IV~ with the
lowest evidence, and 1 V" with the highest. Linguistically, it describesthe ambiguity of the
“and/or” by giving the strongest belief weight to “and” and the weakest to “or”. It
expresses. “| aminterested in x and y to a higher degree, but | am also interested in x or
y to alower degree’. This introduces the third kind of uncertainty: conflict. Indeed, the
ambiguity of “and/or” rests on the conflict between the interest in “and” and the interest
in“or”. Thisevidence set capturesthethree forms of uncertainty discussed in Section 3.3:
fuzziness of the original fuzzy sets F, and F,, nonspecificity of 1V and IV", and conflict
between these two as they are included in the same evidence set with distinct evidential
weights. Figure 5 depicts an example of the evidence set obtained from F, and F,, aswell
asits uncertainty content (fuzziness. Nonspecificity, and conflict).
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ES(x)  (IVY(x),MIN(m,,m,))
;
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Figure 5: Evidence Set obtained from F, and F, and respective uncertainty content

Finally, formula (4) can be easily generalized for a combination of n fuzzy sets F; with
probability constrained weights m;:

max(mi,mj) H

|va],Fj(x),— 0 (5

n-1 E

j
n-1 ’

ES(x) = |VFLiJ/Fj (X),M

Thisprocedure can be used to combine evidencein theform of fuzzy setsfrom nweighted
sources. It produces interval s obtained from the combination of each pair of fuzzy sets
with a union and an intersection operator. Intersection is given the highest weight. The
evidence set obtained is the ambiguous, common language, “and/or” for n items.

5 TalkMine: Integrating Several Sources of Knowledgevia
Conversation

5.1 Inferring User Interest

The act of recommending appropriate documents to a particular user needs to be based
on theintegration of information from the user (with her history of retrieval) and fromthe
severa information resources being queried. With TalkMine in particular, we want to
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retrieve relevant documents from several information resources with different keyword
indexing. Thus, the keywords the user employs in her search, need to be “ decoded” into
appropriate keywords for each information resource. Indeed, the goal of TalkMineisto
project the user interests into the distinct knowledge contexts of each information
resource, creating a representation of these interests that can capture the perspective of
each one of these contexts.

Evidence Sets were precisely defined to model categories (knowledge representations)
which can capturedifferent perspectives. Asdescribedin Section 2.2, the present interests
of each user are described by aset of keywords{k, -, k;} . Using these keywords and the
keyword distance function (2) of the several knowledge contextsinvolved (one from the
user and one from each information resource being queried), the interests of the user,
“seen” from the perspectives of the several information resources, can be inferred as an
evidence category using (5).

Let usassumethat r information resources R, are involved in addition to the user herself.
The set of keywords contained in all the parti cipating information resourcesis denoted by
. Asdescribed in Section 2, each information resource is characterized as a knowledge
context containing a KSP relation (1) among keywords from which a distance function d
is obtained (cfr. (2)). d, is the distance function of the knowledge context of the user,
while d,...d, are the distance functions from the knowledge contexts of each of the
information resources.

5.1.1 Spreading Interest Fuzzy Sets

For eachinformation resource R, and each keyword k, intheuser’ spresent interests{ k;, -,
K.}, aspreading interest fuzzy set F, , is calculated using d;:

D(—a.dt(k,ku)z) [
Ft,u(k)zmaxée ,s%Dkl] Red L.rw 1l..p (6)

Thisfuzzy set containsthe keywords of R, which are closer than ¢ to k,, according to an
exponential function of d.. F,, spreads the interest of the user in k, to keywords of R, that
arenear according to d,. The parameter « controlsthe spread of the exponentia function.
F.. representsthe set of keywords of R, which are near or very related to keyword k.
Because the knowledge context of each R, contains a different d,, each F,, will also be
adifferent fuzzy set for the same k,, possibly even contai ning keywords that do not exist
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in other information resources. There exist atotal of n =r.p spreading interest fuzzy sets
F... Figure 6 depicts ageneric F,,.

0.8 --rrrereee oo XL N
06—f----------f---- PN\

04—---------f----- PN\ e

A T aw

u
Figure 6: The exponential membership function of F,, (k) spreads the interest of a user
on keyword k; to close keywords according to distance function d, (k) for each
information resource R.

5.1.2 Combining the Per spectives of Different Knowledge Contexts on the User
Interest

Assume now that the present interests of the user {k,, -, k} are probabilistically
congtrained, that is, there is a probability weight associated with each keyword: p,..., i,
suchthat p, + ... + p, = 1. Assume further that the intervening r information resources R
are also probabilistically constrained with weights: v,,..., v,, such that v, + ... + v, = 1.
Thus, the probabilistic weight of each spreading interest fuzzy set F, = F,, , where
i =(t-Dp+u,ism=v.p,.

To combine the n fuzzy sets F; and respective probabilistic weights m, formula (5) is
employed. This results in an evidence set ES(k) defined on i, which represents the
interests of the user inferred from spreading the initial interest set of keywords in the
knowledge contexts of the intervening information resources. The inferring process
combines each F, , with the “and/or” linguistic expression entailed by formula (5). Each
F. . contains the keywords related to keyword k, in the knowledge context of information
resource R, that is, the perspective of R on k,. Thus, ESk) contains the “and/or”
combination of all the perspectives on eachkeywordk, € {kj, -, k;} fromeach knowledge
context associated with all information resources R..
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As an example, without loss of generality, consider that the initial interests of an user
contain one single keyword k;, and that the user is querying two distinct information
resources R, and R,. Two spreading interest fuzzy sets, F, and F,, are generated using d,
and d, respectively, with probabilistic weights m;=v, and m,=v,. ES(K) iseasily obtained
straight from formula (4). This evidence set contains the keywords related to k; in R,
“and/or” the keywords related to k; in R,, taking into account the probabilistic weights
attributed to R, and R, F, isthe perspective of R, onk; and F, the perspective of R, onk;.

5.2 Reducing the Uncertainty of User Interestsvia Conversation

The evidence set obtained in Section 5.1 with formulas (5) and (6) is a first cut at
detecting the interests of a user in a set of information resources. But we can compute a
more accurate interest set of keywords using aninteractive conversation process between
the user and the information resources being queried. Such conversation isan uncertainty
reducing process based on Nakamura and lwai’s (1987) IR system, and extended to
Evidence Sets by Rocha (1999, 2000).

In addition to the evidence set ES(K) constructed in Section 5.1, a fuzzy set Fy(K) is
congtructed to contain the keywords of the knowledge context R, of the user which are
closetotheinitial interest set {k;, -, k;} according to distance function d,. As discussed
in Section 2, the user’ shistory of IR isitself characterized asaknowledge context R, with
its own KSP relation and derived distance function d,. Fy(K) is given by:

p
Folk) = U Fo(K) U

where F, (K) is calculated using formula (6). Fo(K) represents the perspective of the user,
from her history of retrieval, on al keywords {k;, -, k;}. Given ESK) and F(k), for a
default value of a=«,, the agorithm for TalkMineis as follows:

1. Calculate the uncertainty of ES(K) in its forms of fuzziness,
nonspecificity, and conflict (see Section 4.2). If total uncertainty is below
apre-defined small value the process stops, otherwise continue to 2.

The most uncertain keyword k € ES(K) is selected.

3. Ifk € R, then goto 4 (AUTOMATIC), else goto 6 (ASK).

4. If Fy(k) > 0.5+, then goto 7 (YES).

N
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If Fo(k) < 0.5-3, then goto 8 (NO), else goto 6 (ASK).

ASK user if sheisinterested in keyword k.. If answer isyes goto 7

(YES), else goto 8 (NO).

7. Anevidence set YES(K) is calculated using the procedure of section 5.1
for asingle keyword k and al r information resources R. The spread of
the exponential functionsis controlled with parameter « so that answers
to previous keywords k; are preserved. ES(K) is then recalculated as the
evidence set union of YES(K) and ES(K) itself.

8. Anevidence set NO(K) is calculated as the complement of Y ES(K) used
in 7. EY(K) isthen recalcul ated as the evidence set intersection of NO(K)
and ES(K) itsalf.

9. Goto 1.

o w

The parameter 8 controls how much participation is required from the user in this
interactive process, and how much is automatically deduced from her own knowledge
context used to produce Fy(K). 8 € [0, 0.5]; for 6 = 0, all interaction between user and
information resources is mostly automatic, as answers are obtained from Fy(k), except
when k; ¢ R,; ford=0.5, al interaction between user and information resources requires
explicit answers from the user. If the user chooses not to reply to a question, the answer
istaken asNO. Thus, & allows the user to choose how automatic the question-answering
process of TalkMineis.

Regarding the change of spread employed in steps 7 and 8 for the construction of the
Y ES(k) and NO(K) evidence sets. A list of the keywordsthe user (or F,(K) automatically)
hasresponded Y ES or NO toiskept. The membership value of these keywordsinthefinal
ES(k) produced must be 1 or O, respectively. Thus, the union and intersections of ES(k)
with YES(K) and NO(K) in 7 and 8, must be defined in a such away as to preserve these
values. If the spread obtained with «, would alter the desired values, then a new « is
employed in formula (6) so that the original values are preserved +e. Because of this
change of spreading inference of the YES(K) and NO(K) evidence sets, the sequence of
keywords sel ected by the question-answering processin step 2 affectsthefinal ES(K). That
is, the selection of adifferent keyword may result in a different ES(K).

Thefinal ES(k) obtained withthisalgorithmisamuch|essuncertain representation of user
interests as projected on the knowledge contexts of the information resources queried,
than theinitial evidence set obtained in Section 5.1. The conversation algorithm lets the
user reduce the uncertainty from the all the perspectives initially available. The initial
evidence set produced in Section 5.1 includes all associated keywords in several
information resources. The conversation algorithm allows the user and her knowledge
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context to select only the relevant ones. Thus, the final ES(k) can be seen as a low-
uncertainty linguistic category containing those perspectives on the user’ sinitial interest
(obtained from the participating i nformation resources) which arerelevant to the user and
her knowledge context (Rocha, 1999, 2000).

Notice that this category is not stored in any location in the intervening knowledge
contexts. It is temporarily constructed by integration of knowledge from severa
information resources and the interests of the user expressed in the interactive
conversational process. Such acategory istherefore atemporary container of knowledge
integrated from and relevant for the user and the collection of information resources.
Thus, this algorithm implements many of the, temporary, “on the hoof” (Clark, 1993)
category constructions as discussed in Rocha(2000).

5.3 Recommending Documents

After construction of thefinal ES(k), TalkMine must return to the user documentsrel evant
to this category. Notice that every document n; defines a crisp subset whose elements are
all the keywords k € K which index n, in all the constituent information resources. The
similarity between this crisp subset and ES(k) is a measure of the relevance of the
document to the interests of the user as described by ES(K). Thissimilarity is defined by
different ways of calculating the subsethood (K osko, 1993) of one setinthe other. Details
of theactual operationsused are presentedin Rocha(1999). High valuesof these similarity
measureswill result on the system recommending only those documents highly related to
the learned category ES(K).

5.4 Adapting Knowledge Contexts

From the many ES(K) obtained from the set of users of information resources, we collect
information used to adapt the KSP and semantic distance of the respective knowledge
contexts. The scheme used to implement this adaptation is very simple: the more certain
keywords are associated with each other, by often being simultaneously included with a
high degree of membership in the final ES(K), the more the semantic distance between
themis reduced. Conversely, if certain keywords are not frequently associated with one
another, the distance between themisincreased. An easy way to achievethisisto havethe
values of N(k), N(k) and N, (k;, k) as defined in formula (1), adaptively altered for each
of the congtituent r information resources R,. After ES(K) isconstructed and approximated
by afuzzy set A(x), these values are changed according to:
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NY(k)=N"(k)+w.A(k), t =1..r,k OR,O Rj O.. R, @)

and

Ng(ki,kj):N;(ki,kj)+w.min[A(ki),A(kj)],t:1...r,ki,kj 0RO R O.. R, (8)

wherew istheweight ascribed to theindividual contribution of each user. The adaptation
entailed by (7) and (8) leads the semantic distance of the knowledge contexts involved,
to increasingly match the expectations of the community of userswithwhomthey interact.
Furthermore, when keywords with high membershipin ES(k) are not present in one of
the information resources queried, they are added to it with document counts given
by formulas (7) and (8). If the simultaneous association of the same keywords keeps
occurring, then an information resourcethat did not previously contain acertain keyword,
will have its presence progressively strengthened, even though such keyword does not
index any documents stored in this information resource.

6 Collective Evolution of Knowledge with Soft
Computing

TalkMine models the construction of linguistic categories. Such “on the hoof”
construction of categories triggered by interaction with users, allows several unrelated
information resources to be searched simultaneously, temporarily generating categories
that are not really stored in any location. The short-term categories bridge together a
number of possibly highly unrelated contexts, which in turn creates new associationsin
the individual information resources that would never occur within their own limited
context.

Consider the following example. Two distinct information resources (databases) are
searched using TalkMine. One database contains the documents (books, articles, etc) of
an ingtitution devoted to the study of computational complex adaptive systems (e.g. the
library of the Santa Fe Institute), and the other the documents of a Philosophy of Biology
department. | aminterested inthekeywords GENETICSand NATURAL SELECTION. If | were
to conduct this search a number of times, due to my own interests, the learned category
obtained would certainly contain other keywords such as ADAPTIVE COMPUTATION,
GENETIC ALGORITHMS, €tc. Let me assume that the keyword GENETIC ALGORITHMS does
not initially exist in the Philosophy of Biology library. After | conduct this search a
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number of times, thekeyword GENETICALGORITHMSiscreated inthislibrary, eventhough
it does not contain any documents about this topic. However, with my continuing to
perform this search over and over again, the keyword GENETIC ALGORITHMS becomes
highly associated with GENETICSand NATURAL SELECTION, introducing anew perspective
of these keywords. From this point on, users of the Philosophy of Biology library, by
entering the keyword GENETIC ALGORITHMS would have their own data retrieval system
point them to other information resources such as the library of the Santa Fe Institute
or/and output documents ranging from “The Origin of Species’ to treatises on Neo-
Darwinism — at which point they would probably bar me from using their networked
database!

Given alarge number of interacting knowledge contexts from information resources and
users (see Figure 2), TalkMine isable to create new categoriesthat are not stored in any
onelocation, changing and adapting such knowledge contexts in an open-ended fashion.
Open-endedness does not mean that TalkMineisableto discern all knowledge negotiated
by itsuser environment, but thet it isableto permutate al the semantic information (KSP
and d described in Section 2) of the intervening knowledge contexts in an essentially
open-ended manner. The categories constructed by TalkMine function as a system of
collective linguistic recombination of distributed memory banks, capable of transferring
knowledge across different contexts and thus creating new knowledge. In this way,
TalkMine can adapt to an evolving environment and generate new knowledge given a
sufficiently diverse set of information resources and users. Readers are encouraged to
track the development of this system at http://www.c3.lanl.gov/~rocha/lww.

TalkMine is a collective recommendation algorithm because it uses the behavior of its
users to adapt the knowledge stored in information resources. Each time a user queries
several information resources, the category constructed by TalkMineisused to adapt those
(cfr. Section 5). In this sense, the knowledge contexts (cfr. Section 2) of the intervening
information resources becomes itself a representation of the knowledge of the user
community. A discussion of this processis|eft for future work.

TalkMineis a soft computing approach to recommendation systems asit uses Fuzzy Set
and Evidence Theories, as well as ideas from Distributed Artificial Intelligence to
characterize information resources and model linguistic categories. It establishes a
different kind of human-machine interaction in IR, as the machine side rather than
passively expecting the user to pull information, effectively pushes relevant knowledge.
This pushing is done in the conversation algorithm of TalkMine, where the user, or her
browser automatically, selects the most relevant subsets of this knowledge. Because the
knowledge of communities is represented in adapting information resources, and the
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interests of individualsare integrated through conversation leading to the construction of
linguistic categories and adaptation, TalkMine achieves a more natural, biological-like,
knowledge management of DIS, capable of coping with the evolving knowledge of user
communities.
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